RooFItTools

A general purpose tool kit for data modeling,
developed in BaBar

Wouter Verkerke (UC Santa Barbara)
David Kirkby (Stanford University)



What is RooFitTools?

e A data modeling toolkit for
— (Un)binned maximum likelihood fits
— Toy Monte Carlo generation

— Generating plots/tables

e RooFitTools is a class library built on top of the ROOT
Interactive C++ environment

— Key concepts
e Datasets
e Variables and generic functions
e Probability density functions

— A fit/toyMC is setup in a ROOT C++ macro using the building
blocks of the RooFitTools class library

— TFitter/TMinuit used for actual fitting
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Key concepts: a simple fitting example: Gauss+Exp

void intro() {
RooReal Var //define the data variables and fit nodel paraneters

m(“ , "Reconstructed Mass”, 0.5 ,2.5, "GV'),
rmass(“rnmass” ,” Resonance Mass” , 1.5 ,1.4, 1.6, “"GV'),
w dth(“w dth” | ”Resonance Wdth” , 0.15 ,0.1, 0.2, “GV),

bgshape(“bgshape”, " Background shape” ,-1.0,-2.0, 0.0),
frac(“frac” ,"Signal fraction” , 0.5 ,0.0, 1.0 ;

/'l Create the fit nodel conponents: Gaussian and exponenti al PDFs
RooGaussi an signal (“signal”,”Signal Distribution”, mrmass, w dth);
RooExponential bg(“bg”,”Background distribution”, mbgshape)

/1 Conbine themusing addition (with relative fraction paraneter)
RooAddPdf nodel (“nodel 7, ” Si gnal + Background”, si gnal, bg, frac)

/'l Read the values of ‘m froma text file
RooDat aSet * data = RooDat aSet: :read("“nval ues. dat”, nm

/]l fit the data to the nodel with an UM fit
nodel . fit To(dat a)

-

.

}

Variables

Description, unit,

fit and plot ranges,
constant/floating
status stored in object

Probability
density

functions
Explicitly
self-normalized

Dataset
Derived from Ttr ee
Maps a TTree row

onto a set of RFT
variable objects
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Plotting and Generating ToyMC

® P I Otti N g ‘Reconstructed Mass datasetm
Ment = 1000
E Mean = 1.342
= RMS -o0.4188
/'l create enpty 1-D plot frame for “nf §45_ l
RooPl ot* frame = mfrane() S 4oF } ‘
/1 plot distribution of min data on frane g“; l
dat a- >pl ot On(frame) ; “ 30 ‘
/1 plot nodel as function of m 25 l
nodel - >pl ot On(frame) ; 200
/1 Draw the plot on a canvas 15;
frame->Draw) 10 ) |
g I
5:‘% | 'l|\‘+ | i bt
. = | Il
— A RooPl ot frame collects multiple otelinilin Lo Lol LLAREEEEL TS
histograms, curves, text boxes. S " Reconstructed Mass (GeV)

e Persistable object, I.e. can save complex multi-layer plots in batch fit/generation

— Automatic adaptive binning for function curves:
always smooth functions regardless of data histogram binning

— Poisson/binomial errors on histograms (automatically selected)

e Generating

— Works for real and discrete variables

RooDat aSet * t oyMCDat a
RooDat aSet * t oyMCDat a

nodel . gener at e(var Li st, nunEvent s)

nodel . generat e(varLi st, protoData) wouter Verkerke, UCSB



ODbject structure of example PDF

RooAddPdf model

vars
Inputs

- m,rmass,width,bgshape,frac [«
: signal,bg,frac

I

RooGaussi an signal

I

RooExponenti al bg

vars > m,rmass,width vars - m,bgshape
Inputs : m,rmass,width Inputs : m,bgshape
\ 4
RooReal Var RooReal Var || RooReal Var || RooReal Var RooReal Var
width rmass m bgshape frac
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Generic functions and composition

e A more complex PDF:

— Replace gaussian(m,mean,width) ->
gaussian(m,mean,w+w, . *alpha)

— Need object to represent function wq+wg,,.*alpha

e Class RooFor mul aVar implements expression based functions

— Based on Tf or mul a, very practical for such transformations

RooReal Var al pha(*“al pha”, "Mystery paraneter”, 1.5 ,1.4, 1.6, “GV'),
sl ope(“sl ope”, "Slope of resonance width” , 0.3 ,0.1 ,0.5),
offset(“offset”,”OfFfset of resonance width”, 0.0 ,0.0 ,0.5, "“GV)
/1l Construct width object as function of al pha
RooFor mul avVar rnmassF(“rmassF”, " of f set +sl ope*r nass”,
RooAr gSet (sl ope, of f set, rnass))
/1 Plug rmassF function in place of rnass variable
RooGaussi an signal (“signal”,”Signal distribution”, mrnmassF, wi dth)

e Example of composition:
— PDF si gnal now has 3 extra variables: of f set, sl ope, al pha

— Every variable of a PDF can be can be a function of other variables
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Extend PDF: rmass ® rmass(alpha) = offset+slope*alpha

RooAddPdf model

vars
Inputs

- m,alpha,slope,offset,width,bgshape,frac
- signal,bg,frac

I

I

RooGaussi an signal

RooExponenti al bg

vars - m,alpha,slope,offset,width vars - m,bgshape
iInputs : m,rmassF,width inputs : m,bgshape
A
! NS ] !
RooReal Var RooReal Var || RooReal Var RooReal Var
width m bgshape frac

A 4

RooFor nul aVar rmassF

vars . slope,offset,rmass
iInputs : slope,offset,rmass
5 5 5
RooReal Var RooReal Var RooReal Var
alpha slope offset
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Discrete variables

e Often a data model includes discrete variables such as particle
ID, decay mode, CP eigenvalue etc.

e Can be represented by RooCat egory:

— Finite set of labeled states, numeric code optional

RooCat egory decay(“decay”,”Decay Mde”) ; [/ A category variable

decay. defi neType(“B0 -> J/psi KS",0) ; [/ Type definition with explicit index
decay. defi neType(“B0 -> J/psi KL”) ; // Type definition with automatic index
decay. defi neType(“B0 -> psi(2s) KS") ;

/'l Assignnent to other RooCategory, string or integer
decay = 0 ; decay = “B0 -> J/ psi KS ; decay = ot her Decay

e Various transformation classes available, e.g.

— RooMappedCategory: Pattern matching based category-to-category
mapping
RooMappedCat egory decayCP(“decayCP’, decay, "CPunknown”) ; // A derived category
decayCP. map(“*KS*”,” CPm nus”) ; [/ WIldcard mapping “*KS*” -> “CPm nus”
decayCP. map(“*KL*”,” CPpl us”)
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Under the hood: Integration & Optimization

PDF evaluation/normalization speed critical for complex unbinned likelihood fits.
RooFitTools implements several strategies to maximize performance

e Caching & lazy evaluation
— The output value of all function objects is cached
— Function value only recalculated if any of the input objects change.
— Push/pull model:
 All RFT objects have links to their client and server objects

« If an object changes value, it pushes a ‘dirty’ flag to all its registered clients.

e Clients postpone recalculation to next getVal() call, checking the dirty flag at that point.

e Precalculation of ‘constant’ functions.
— If a PDF exclusively depends on

e variables in the fitted data set

e constant non-dataset parameters

— it is precalculated for each dataset row. (Limits calculation to 1 fit iteration)

= Hybrid analytical/numerical integration.

— PDFs advertises which (partial) analytical integration it can perform

— Dedicated RooReal | nt egral object, owned by each PDF coordinates
maximum possible analytical integration/summation for given configuration.

— PDF normalization stored/cached separately from PDF value
= Dependencies of PDF integral and value are different Wouter Verkerke, UCSB



Lazy evaluation: dirty state propagation

vars
Inputs

RooAddPdf model
- m,alpha,slope,offset,width,bgshape,frac

- signal,bg,frac

|

I Dirty flag set

RooGaussi an signal

RooExponenti al bg

vars - m,alpha,slope,offset,width vars - m,bgshape
inputs : m,rmassF,width Inputs : m,bgshape
I X x j I Dirty flag set
\ 4
RooReal Var RooReal Var || RooReal Var RooReal Var
width m bgshape frac
\ 4 %,

RooFor mul aVar rmassF

-
et
.
.
.
.

0..
°
@
.
]

vars - slope,offset,rmass
Inputs : slope,offset,rmass
¥ ¥ ¥
RooReal Var RooReal Var RooReal Var
alpha slope offset

s®

.

-----
--------------------
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Constant node precalculation example: fit m for signal fraction only

RooAddPdf model

Inputs : signal,bg,frac

vars - m,alpha,slope,offset,width,bgshape,frac

I

I

RooGaussi an signal

vars - m,alpha,slope,offset,width
iInputs : m,rmassF,width

RooExponenti al bg
vars - m,bgshape

Inputs : m,bgshape

A 4

RooReal Var
frac

wi dt h. set Const ant ( KTRUE)
al pha. set Const ant (KkTRUE)
sl ope. set Const ant ( KTRUE)
of f set. set Const ant (KTRUE) ;
bgshape. set Const ant ( KTRUE)
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Writing your own PDF

e Easiest way: use RooCeneri cPdf

RooGener i cPdf myPDF(“ myPDF’, " exp(abs(x)/sigm)*sqrt (scale)”,
RooAr gSet ( x, si gma, scal e)) ;

— No programming required
— Like RooFor mul aVar , based on TFor mul a.

— Automatic normalization via full numerical integration.

e Write your own RooAbsPdf derived class

— Faster execution, allows (partial) analytical normalization.

— Optimization technology requires PDFs to be ‘good objects’,
i.e. well defined copy/clone behaviour.

e Gory details of link management well hidden in RooAbsPdf and proxy classes.

— Minimum implementation consists of 3 functions

e Constructor/Copy constructor
e evaluate() function — Returns function value

— Extended implementation with analytical integration needs also
e getAnalyticallntegral() — Indicates which (partial) integrals can be performed

= analyticallntegral() - Implements advertised (partial) integrals
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RooGaussian: minimum impl.

/1 Constructor

RooGaussi an: : RooGaussi an(const char *nane,
const char *title, RooAbsReal & X,
RooAbsReal & mean, RooAbsReal & _sigma)

RooAbsPdf (nane, title),
x("x","Dependent",this, x),
mean( " mean", "Mean",thi s, nean),
sigma("sigm","Wdth",this, sigm)
{ Special proxy class holds object references,
} implement client/server link management
Behaves like ‘Double_t’ to user
/'l Copy constructor
RooGaussi an: : RooGaussi an( const
RooGaussi an& ot her, const char* nane)

RooAbsPdf (ot her, nane),
x("x",this,other.x),
mean( " mean", t hi s, ot her. nmean),
sigma("sigma",this,other.sigm)
{
}

/'l Inplementation of value cal cul ation
Doubl e_t RooCGaussi an: : eval uat e(
const RooDat aSet* dset) const

{
Double_t arg= x - nean;
return exp(-0.5*arg*arg/ (sigm*sigm)) ;

}

Optional integration support

/1 Advertise which partial analytical
integrals are supported
Int _t
RooGaussi an: : get Anal yti cal | nt egral (
RooArgSet& al |V,
RooAr gSet & anaV) const
{
if (matchArgs(allV,anaV,x)) return 1 ;
return O ;

}

/1 Inplenment advertised analytical integrals
Doubl e _t
RooGaussi an: :anal ytical Integral (Int _t code)
{
switch(code) {
case 0: return getVval () ;
case 1: // integral over x
{
static Double_t root2 = sqrt(2) ;
static Double_ t rootPi By2 =
sgrt(atan2(0.0,-1.0)/2.0);

Doubl e t xscal e = root 2*si gnm;
return rootPi By2*si gma*
(erf ((x.max()-nean)/xscal e)-
erf ((x.mn()-nean)/xscale));

}

default: assert(0) ;

}
} Wouter Verkerke. UCSB



Present use of RooFitTools in BaBar

e Most analyses are using RooFitTools for their unbinned
maximum likelihood fits, including complex fits like

— CP analysis (sin2b)
— Hadronic, semileptonic and dilepton lifetime & mixing analysis (t,Dm,)
— Charmless 2-body decay (® sin2a)

e Example of fit complexity:

— the composite PDF of the CP fit has
280 PDF components and 35 free parameters

e A major redesign of RooFitTools has just been completed,
based on experiences of 1 year of intensive use.

e RooFitTools is a ‘package’ in the BaBar software structure,
but has no dependency on any other BaBar code.

— It should be straightforward to decouple it completely from BaBar for
outside use, or to package it as a ROOT add-on.

e Documentation
— THtml format from source code.
— Users guide

— Technical design note (in preparation) Wouter Verkerke. UCSB



ROOT problems/limitations

e ROOT is a great enabling technology, good value.

— We are only exercising a small subset of the functionality

e Const correctness in ROOT version 3 real improvement

e CINT problems/limitations:

— Empirical observation: Function with >10 arguments of the same time fails
without proper error message

— Zero pointer casting results in non-zero pointer

— #include doesn’t execute all code in global file scope

< Inconvenient, because different behaviour if same code is compiled (ACLIC)

e ROOT collection classes:

— Container classes cannot hold non-TObjects

= Inconvenient, can e.g. not collect Tlterators, Int_t, Double_t etc...

— Will STL containers at some point replace TCollection classes?
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